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Abstract: 25 26
Macroscopic descriptions of populations commonly assume that encounters between 27 individuals are well mixed; i.e., each individual has an equal chance of coming into contact with 28 any other individual. Relaxing this assumption can be challenging though, due to the difficulty 29 of acquiring detailed knowledge about the non-random nature of encounters. Here, we fitted a 30 mathematical model of dengue virus transmission to spatial time series data from Pakistan and 31 compared maximum-likelihood estimates of "mixing parameters" when disaggregating data 32 across an urban-rural gradient. We show that dynamics across this gradient are subject not 33 only to differing transmission intensities but also to differing strengths of nonlinearity due to 34 differences in mixing. We furthermore show that neglecting spatial variation in mixing can lead 35 to substantial underestimates of the level of effort needed to control a pathogen with vaccines 36 or other control efforts. We complement this analysis with relevant contemporary environmental 37 drivers of dengue. 38 39
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vector-borne diseases, victim-exploiter dynamics 41 42 43 44 the potential for transmission upon contact. Susceptibility is shaped primarily by historical 48 patterns of transmission, the natural history of the pathogen, the host's immune response, and 49 host demography (Grenfell et al. 2004) . What constitutes an epidemiologically significant 50 contact depends on the pathogen's mode of transmission (Stoddard et al. 2009 ), and structure 51 in contact patterns can be influenced by transportation networks and the spatial scale of 52 transmission (Brockmann & Helbing 2013), by host heterogeneities such as age (Kilpatrick et The time-series susceptible-infected-recovered (TSIR) model was developed by Finkenstädt & 63 Grenfell (2000) to offer a more accurate and straightforward way to statistically connect 64 mechanistic models of infectious disease transmission with time series data. Among other 65 features, TSIR models readily account for inhomogeneous mixing in a phenomenological way 66 by allowing for nonlinear dependence of rates of contact between susceptible and infectious 67 hosts on their densities. Although this is a simple feature that can be incorporated into any 68 model based on mass-action assumptions -indeed, earlier applications pertained to 69 inhomogeneous mixing in predator-prey systems (Pascual & Levin 1999) -the "mixing 70 parameters" that determine the extent of this nonlinearity have primarily been fit to empirical 71 data in applications of the TSIR model to transmission of measles, cholera, rubella, and Applied to discrete-time models such as the TSIR, mixing parameters also have an 74 interpretation as corrections for approximating a truly continuous-time process with a discrete-75 time model (Liu et al. 1987; Glass et al. 2003) . In no application of the TSIR model to date has 76 the potential for variation in these parameters been assessed, leaving the extent to which 77 thrive in areas where they are able to associate with humans, as humans provide not only a 95 preferred source of blood but also water containers that the mosquitoes use for egg laying and 96 for larval and pupal development (Morrison et al. 2008 human movement in dense urban environments is more well-mixed than elsewhere, there are 103 likely to be differences in the extent of inhomogeneous mixing in peri-urban and rural areas. 104 This is also presumably the case for directly transmitted pathogens, but with a potentially even 105 stronger discrepancy for dengue due to the urban-rural gradient in mosquito densities. 106
107
To assess the potential for spatial variation in the inhomogeneity of mixing as it pertains 108 dengue transmission, we performed an analysis of district-level time series of dengue 109 transmission in the Punjab province of Pakistan using a TSIR model with separate mixing 110 parameters for urban and rural districts. We likewise made estimates of the relationships 111 between density-independent transmission potential and putative drivers thereof, such as 112 temperature, to allow for the relative roles of extrinsic and intrinsic factors to be teased apart. 113
Finally, we performed mathematical analyses of the fitted model to assess the significance of 114 spatial variation in mixing inhomogeneity for how time series data are interpreted and used to 115 guide control efforts. We obtained daily dengue case data aggregated at hospital level from Punjab province 120 provided by the Health Department Punjab, Pakistan between 2011 and 2014. In total, 41,300 121 suspected and confirmed dengue cases were reported in 109 hospitals. All hospitals were 122 subsequently geo-located using 'Google maps' (http://www.maps.google.com). Hospitals that 123 could not be identified were removed from the database. 21,182 cases alone were reported 124 from the year 2011, which affected the almost the entire province. Many more cases occurred 125
in Lahore (35,348) compared to all other districts (5,952) ( Table 1) . A breakdown per year and 126 each province is provided in Table S1 and additional information about collection can be found 127 in the supplementary appendix. have been performed in Pakistan. Therefore we use a probabilistic model to infer the 134 probability of occurrence of Ae. aegypti and Ae. albopictus in Pakistan derived from a globally 135 comprehensive dataset containing more than 20,000 records for each species (Figure 1a to an increase in DENV transmission, we consider both, the influence of the current 151 temperature, vegetation indices and precipitation, data on current transmission as well as the 152 values of those covariates the time step before (Figure 1f ). 153
We used population count estimates on a 100m resolution that were subsequently aggregated 154 up to match all other raster layers to a 5 km x 5 km resolution for the year 2015 155 
where It,i is the number of infected and infectious individuals and St,i the number of susceptible 170 individuals, at time t in district i, Ni is the population of district i, and !,! is the covariate driven 171 contact rate. The mixing parameter for the ith district is given by ! ; when ! is equal to 1, the 172 population has homonegeous mixing where values less than one can either indicate 173 inhomogeneous mixing or a need to correct for the discretization of the continuous-time 174 process. Finally, the error terms !,! are assumed to be independent and identically log-175 normally distributed random variables. For more details please see SI. To explore the potential significance of spatial variation in mixing parameters, we conducted an 197 analysis to probe the inherent mathematical tradeoff between the mixing parameter and the 198 density-independent transmission coefficient . Specifically, to answer the question, what 199 difference in local transmission would be necessary to account for a difference in mixing while 200 achieving identical transmission dynamics. To explore this, we used eqn. (1) to establish: 201
from which we obtained 203
We then examined how variation in l and ! − ! affected the left hand side of eqn. The majority of cases are clustered in Lahore, the capital of Punjab province. Ongoing 211 transmission seems to be focal in three (Vehari, Rawlpindi and Lahore) districts and spread 212 through infective sparks to smaller more rural provinces. In early investigations, all hospitals 213 that reported dengue cases are located in areas with high EVI values indicating a clear 214 environmental signal (Figure 1b) . 215 216
Model selection: 217
To disentangle the different aspects of dengue dynamics and their drivers we used a model 218 containing only the climatological covariates and performing backwards model selection until 219 each covariate in the model was significant at a 5% level resulted in a model that explained 220 76.9% of the deviance and whose adjusted R-squared was 0.746. Amongst the yearly-221 averaged covariates, EVI and precipitation remained in the model as well as the derived Ae. 222 albopictus range map (p-values of 8.21 x 10 -4 , 0.01, and 3.9 x 10 -5 respectively). Interestingly, if 223 the derived Ae. aegypti map is substituted for the Ae. albopictus map, the deviance explained 224 increases slightly to 76.8%. For climatological covariates that were fit as smooth splines, 225 temperature, lagged temperature and EVI remained in the model (Figure 2 (Figure 3 ). Finally, 231 the mixing coefficient was significantly lower than 1 ( = 0.69, 95% CI = (0.614, 0.771), p-232 value = 1.6 10 !!" ). 233
234
To understand these differences the final model was then compared to a nested model where 235 the coefficient for Lahore was allowed to vary independently of all other districts. Deviance 236 explained increased to 77% and adjusted R-squared increased to 0.753. Further, the mixing 237 coefficient for Lahore ( = 0.74) was significantly larger than the mixing coefficient for the 238 other districts ( = 0.59, p-value=0.0068) ( Figure S1 ). The median R0 for Lahore was 239 estimated at 3.28, the highest for all districts. 240
241
In assess how far the variation of mixing coefficients can be explained by other covariates we 242 consider the possibility that movement accounts for the differences in the mixing coefficient 243 between Lahore and the other districts. The density-dependent covariates (described earlier) 244
were then added to the full model and backwards selection was repeated. The resulting model 245 explained 78.6% of the variance, had an adjusted R-squared of 0.763 and is superior to the 246 final climatological model based on AIC (699.23 versus 714.83). Yearly averaged EVI, NDVI 247 and precipitation were all significant (p-values of 8.7 x 10 -5 , 0.00024, and 0.00028, 248 respectively). Again, the derived Ae. albopictus map was significant (p-value = 0.008163). For 249 climatological covariates fit as smooth splines, only temperature and lagged temperature were 250 found significant (Figure 2b , p-value of 4.0 x 10 -5 and 0.0013, and effective degrees of freedom 251 7.61 and 4.81, respectively), and there was still a significant 'seasonality' (Figure 2b We revealed significant differences in mixing components between urban and rural settings 289 and found that a population-weighted urban accessibility metric was able to absorb differences 290 in mixing between these settings indicating that this specific covariate accounts for aspects 291 influencing mixing. Mixing is presumably influenced directly by human behavior and has been 292 shown to be highly unpredictable, largely dependent on the local context and the spatial and 293 temporal scale (Yang et al. 2014) . In this study however we could show that the density-294 dependent covariate selected was able to capture the influence of these key encounters on a 295 district level. Once differences in mixing were accounted for, estimated R0 values indicated 296 considerably larger differences between transmission potential in Lahore versus all other 297 districts. Synchronizing more accurate geo-referenced data would allow to assess the 298 importance of spatial scale on the relationship between "mixing parameters" and urban 299 accessibility (Perkins et al. 2013; Mills & Riley 2014) . In the case of dengue this again has 300 been limited by the availability of high resolution data (Ruberto et al. 2015) . Complementing 301 this analysis with measurement of direct social contact patterns could be important to explore in rainfall, temperature, vegetation coverage or mosquito abundance will help guide 312 surveillance and control efforts targeted mostly towards the ecological aspects of mosquito 313 dispersal (Johansson 2015) . Once infection occurs much debate has been focused around 314 optimizing intervention strategies to reduce disease incidence, which is largely determined by 315
R0. The presented framework shows that the interaction between mixing parameters and force suggests that spread happens along major transport routes from Lahore to Karachi and north 332 to Rawalpindi. Using results presented here on mixing components and environmental drivers 333 will help pinpoint areas of major risk of importation more accurately especially in the case of 334 recurring epidemics. Using the fitted relationships of the environmental drivers of transmission 335 and R0 will enable future analyses and comparisons between diseases and geographic regions. 336
In this context it will be instrumental to integrate a variety of movement and social network 337 models with the evidence presented here to infer more accurately how the geographical spread 338 of dengue is determined. 339
340
To allow for comparison of these results in a broader context and across diseases, possibly 341 even in outbreak situations and in real time, it is essential to make data widely available by 342 open access (Heesterbeek et al. 2015 
